The environmental causation of species' distributions depends on three general, interacting types of factors: the abiotic (or physical) environment, the biotic environment, and accessibility of areas across complex landscapes (Pulliam 2000; Soberón and Peterson 2005; Soberón 2007 ). Indirect variables, such as elevation, are those associated with the presence of species owing to correlation with the actual variables that directly and causally affect the fitness of the species, such as temperature or precipitation (Austin 2002) . Put another way, variables can be arranged along a gradient of proximal to distal, regarding the immediacy of causality regarding the fitness of the species: indirect variables are always distal variables (Austin 2002) . Contrary to proximal variables, distal variables are often easy measurable, and thus available in georeferenced databases (Fig. 1) .
Many researchers now attempt to reconstruct these environmental dimensions as ecological niche models (also termed "bioclimatic envelopes," "environmental niche models," or even "species distribution models"), using a variety of inferential approaches. Niche models have been used to predict geographic distributions of species , anticipate distributions of unknown species (Raxworthy et al. 2003) , estimate the invasive potential of species (Peterson 2003; Thuiller et al. 2005) , and forecast climate change effects on species' distributions . The predictive capacity of these approaches makes them particularly useful in applications involving "transferring" the niche model to make predictions regarding other landscapes or time periods Peterson et al. 2007) .
Such transferability applications, however, depend critically on the assumption that environmental variables relevant on one landscape or at one time will be relevant on another. Niche models are probably never based directly on genuinely proximate variables, but rather rely on more easily measurable variables that are inevitably less directly related to the population biology of the species in question. As such, the correlation structure among environmental variables becomes key (Morin and Lechowicz 2008) : if correlation structures are stable and consistent across different landscapes and time periods, then niche models may be transferable to those other situations; if, on the other hand, correlation structures are not consistent among situations, then models may not be transferable, or at least not as fully or as readily. As correlation methods, niche modeling techniques simply select the set of variables that is best to explain the largest part of the variation in the dependent variable. Transferability exercises require the assumption that the variables selected (in isolation or in interaction terms, depending on the complexity of the technique) are those that have strongest influence on the real (unknown) causal variables. However, because of intercorrelations among variables, this relationship may not hold true, and other distal variables may be selected just because they are closely correlated with the key variables. In such situation, when transferring model predictions, if the correlation structure among distal variables is maintained, then model predictions will be robust; if not, then the model may not work properly.
In this note, we present comparisons of correlation structures of suites of climatic, topographic, and surface-reflectance variables among continents and time periods. In general, (Hijmans et al. 2005) and New et al. (1997) , both widely used by the niche modeling community. From the former, we used the 19 "bioclimatic" variables (and in some analyses a subset of 7 of these variables: annual mean temperature, mean diurnal range, maximum temperature of warmest month, minimum temperature of coldest month, annual precipitation, precipitation of wettest month, and precipitation of driest month).
Pleistocene (Last Glacial Maximum, 21,000 years BP) climate data were derived from the Community Climate System Model (CCSM; Collins et al. 2004) , while future climate data (for 2100) were derived from the CCM3 climate model (Govindasamy et al. 2003) . These data sets were obtained, together with present-day climate data, from the WorldClim website 1 at a resolution of 2.5'. From the New et al. (1999) data set, we used 10 mean climate surfaces derived from the period 1961-1990 at a resolution of 0.5°, comprising precipitation; wet-day frequency; mean, maximum and minimum temperature; diurnal temperature range; vapor pressure; sunshine percent; cloud cover; and wind speed. For comparison, we also analyzed a global 8 km resolution dataset composed of 10 months' (January, February, April, June, July, August, September, October, November, and December 1998) Normalized Difference Vegetation Index (NDVI) maximum value composites from the note that this data set is incomplete for Australia, so we omitted that continent from our analyses).
We overlaid 10,000 random points on the extent of each of the 5 continents, and extracted grid values for each environmental data set at each point. For the NDVI data set, we developed analyses for the raw monthly data sets, and for a version in which the Southern and Northern hemispheres were offset by 6 months to reflect differences in seasonal timing. Then, across each continent, for each data set, we calculated all pairwise correlation coefficients among environmental variables to produce a square correlation matrix. Finally, we compared these sets of matrices using Mantel tests in the Vegan 2 package of R, with 1000 permutations. To summarize patterns, we clustered continent matrices using the Ward´s method as a linkage rule, based on similarity as measured by cell-by-2 http://r-forge.r-project.org/projects/vegan/.
cell Pearson product-moment correlation coefficients among continent matrices.
RESULTS AND DISCUSSION
All pairwise matrix comparisons between variables from the same set (climate, topography, and surface reflectance) indicated a correlation structure statistically significantly more similar than null expectations (P < 0.05; Table 1 ). Correlation coefficients ranged 0.432-0.998, suggesting fairly-to-highly similar matrix structures; these numbers were generally higher for intertemporal comparisons, and lower for intercontinental comparisons. This result may be expected as past and future climate predictions are both derived from present-day models; for this reason, there is no guarantee that these measured correlations reflect the truth, instead of being affected to some degree by artifact. Topographic variables also showed quite-high correlation values (>0.940), as would be expected considering that they are derived from the same single variable, elevation. Linkage Distance ( Clustering continents by the matrix correlation coefficients, for the NDVI data, topographic features and the New et al. (1999) data, Southern Hemisphere continents and Northern Hemisphere continents formed the two major branches of the dendrogram (Fig. 2) ; analyses based on the WorldClim data maintained the general northsouth division, but placed South America separately from the other southern continents. To analyze whether spatial resolution of data sets affected the outcome, we also performed the analyses with the WorldClim dataset at 10', 5', and 2.5' grid cell sizes: correlation structure is qualitatively identical (see appendix), except for some small decreases in correlations at highest resolutions. Analyses with and without the 6-month seasonal offset of the NDVI data both yielded the Northern-versus-Southern hemisphere dichotomy.
Distal Variables
Transferability is a prerequisite for generalization of niche models, because they can otherwise be applied only locally and to a precise temporal "snapshot" (Fielding and Haworth 1995) . Local adaptations, biotic interactions, sink populations, and historical constraints all can reduce transferability of models (Randin et al. 2006; Staruss and Biedermann 2007; Vanreusel et al. 2007 ). However, besides these factors, when working with correlative models and indirect variables, a more basic consideration is needed: the maintenance of correlation structure of the set of factors. This point is even more important, given the current tendency to recommend use of complex modeling techniques (e.g., Elith et al. 2006) , which can potentially overfit the model to input data and reduce transferability (Randin et al. 2006; Peterson 2007) .
The results of this study are simultaneously encouraging and discouraging for broad-scale niche model projections across space and time. In general, the correlation structure of environmental data sets is conservative, and in that sense projections of model rule sets among continents should generally be robust. However, the relatively lower similarity of correlation structure among continents in the Northern versus Southern hemispheres could potentially produce less accurate or less complete projections among hemispheres. Although our analyses were developed at an intercontinental scale, the problem of maintenance of the correlation structure among variables affects any transferability exercise at any spatial extent. Thus, we recommend assessing the degree of maintenance of the correlation structure in any transferability study to assess this potential source of uncertainty.
The biggest unknown surrounding these results is whether and to what degree observed similarities and differences in correlation structure will affect predictions of potential distributional areas of species. That is, all of these matrices for individual continents were more similar in structure than random expectations, but none had the exact same correlation structure: does this result mean that model transfers among continents will be less efficient than those within continents? Similarly, to what degree could the inter-hemispheric reduction of similarity of correlation structure affect the predictive ability of the models when projected among hemispheres? These effects on model transferability, however, will depend on the correlation structure of the actual niches and the models we create thereof for the species, but this structure and its estimation are complex, and will require additional exploration.
